In order to select fault feature parameters simply and quickly and improve the identification rate of diesel engine faults by using the vibration signals, this paper proposes a diesel engine fault identification method on the basis of the Pearson correlation coefficient diagram (PCC Diagram) and the orthogonal vibration signals. At first, the orthogonal vibration acceleration signals are synchronously acquired in the direction of the top and side of the cylinder head. And the time-domain feature parameters are extracted from the orthogonal vibration acceleration signals to obtain the Pearson correlation coefficient (PCC). Then, the correlation coefficient diagram used to do feature parameter screening is constructed by selecting the feature parameters with the correlation coefficient of more than 0.9. Finally, generalized regression neural network (GRNN) is adopted to classify and identify fuel supply fault in diesel engine. The results show that using the PCC Diagram can simplify the selection process of the feature parameters of the orthogonal vibration signals quickly and effectively. It can also improve the fault identification rate of diesel engine significantly with the help of adding the newly proposed cross-correlation coefficient of the orthogonal vibration signals into the GRNN input feature vector set.
Introduction
In accordance with the statistics by Sohu Auto and Ipsos in recent years, from the point of view of automotive faults, the number of faults occurring in the engine system accounts for more than 30% of the total with the highest proportion [1] , thus causing great difficulties for production and life. So, some scholars have carried out a lot of researches, like collecting, extracting, and recognizing various kinds of information that appears during the working process of engines. Many engine fault detection and identification methods have been proposed, in which the most frequently used one is the using of the vibration signals [2] [3] [4] . By installing a vibration sensor somewhere in the engine to collect the corresponding vibration signal in the engine during operation, the collected vibration signal is processed in the time domain, frequency domain, or time-frequency domain, to further achieve the identification of specific faults at the location. Although this method obtains a relatively high fault identification rate, it often uses vibration signal in a single direction to detect and identify a particular fault. Since the engine is a reciprocating circulation machine, the mixture of gas in the cylinder is isotropic, and the gas pressure formed in the combustion process acts on the top and side of the cylinder head simultaneously [5, 6] . That is, the vibration signals are generated on the surface of the cylinder head in the vertical and horizontal directions at the same time. Therefore, the vibration characteristics of the cylinder head in the vertical and horizontal directions should be taken into consideration in assessing of the working state of the engine. In addition, by the calculation of some experimental data, the correlation of the corresponding time-domain feature parameters of the orthogonal vibration acceleration signals acquired synchronously in the vertical direction of the cylinder head and horizontal direction of the cylinder head is proven to be small. That is to say, the corresponding time-domain feature parameters of the orthogonal vibration acceleration signals have weak correlation. So, this pair of orthogonal signals can be considered into use at the same time. Based on this, the PCC Diagram is adopted to optimize the orthogonal vibration signal feature selection to improve the fault identification rate of diesel engine. Taking Weichai WD615 diesel engine as the research object, the paper carries out experimental researches on the faults of the fuel supply system for common engine faults. In the experiments, the engine fuel supply system faults are characterized by the fuel leakage of the sixth-cylinder highpressure fuel pipe under different severities. The experiments are conducted under four different working conditions: normal fuel supply, slight fuel leakage, severe fuel leakage, and fuel cut-off. The two vibration acceleration sensors are installed on the top and side of the cylinder head, which are perpendicular to each other. And the pair of orthogonal vibration signals on the surface of the cylinder head is synchronously collected. In order to avoid relatively complex calculations and improve the real-time performance of signal processing, only the time-domain feature parameters of the experimental data are extracted. The PCC are calculated after normalization, and the feature parameters with the correlation coefficient of more than 0.9 are selected to construct the coefficient diagram to screen feature parameters. Finally, the GRNN is adopted for fault classification and identification to verify the actual application effect of the PCC Diagram in identifying diesel engine faults with the orthogonal vibration signals.
PCC
The correlation coefficient is a basic method to reduce the dimensionality of high-dimensional data, and the PCC [7] [8] [9] is a more commonly used one. The PCC, proposed by Pearson in 1895, is based on statistics. The mathematical calculation process of it is simple and accurate, and it can measure the linear correlation between variables well.
The PCC of variables (which can also be vectors or matrices) X and Y can be calculated by the following equation.
In ( 
Feature Parameter Extraction and Fault
Identification Procedure 3.1. Experimental Data Acquisition. Weichai WD615 diesel engine assembled on Steyr truck is taken as the research object. It is an inline six-cylinder and water-cooled direct injection diesel engine with fuel injection pressure of 22.5 MPa, fuel supply advance angle of 19-3 ∘ CA, and rated speed of 2600 r /min.
Multichannel sensors are installed in the sixth-cylinder of the diesel engine, as shown in Figure 1 . Two vibration acceleration sensors, PCB M603C01, are attached to the top and side of the cylinder head with powerful magnets. They are used to achieve the detection of the vibration acceleration at the top and side of the cylinder head. The fuel pressure sensor is fixed on the high-pressure fuel pipe by a clamp, with a dedicated charge amplifier, to collect the fuel pressure and fuel supply time of the high-pressure fuel pipe. The Hall sensor is fixed on the flywheel housing to gather the rotational speed signal.
When the engine is running in no-load, the speed of the engine is set to 800 r/min. And the host computer programs Under different working conditions of the sixth-cylinder high-pressure fuel pipe, the speed signal, fuel pressure signal of the high-pressure fuel pipe, and vibration acceleration signals of the top and side of the cylinder head are simultaneously acquired via multiple sensors. 77 sets of data are collected from each channel under the condition of normal fuel supply, 62 sets of data under the condition of slight fuel leakage, 102 sets of data under the condition of severe fuel leakage, and 50 sets of data under the condition of fuel cutoff.
Feature Parameter Extraction.
A complete combustion cycle of the diesel engine corresponds to a crankshaft angle range of -360 ∘ CA-360 ∘ CA. Weichai WD615 used in the experiment is a six-cylinder diesel engine with the firing sequence of 1-5-3-6-2-4. So, for the sixth-cylinder combustion, the corresponding crankshaft angle range is 1/6 of a complete combustion cycle. That is, the crankshaft angle range is 60 ∘ CA to the left and to the right of the top dead center (TDC) of the sixth-cylinder, with 120
∘ CA in total. The TDC of the sixth-cylinder is calibrated by each set of fuel pressure and rotation speed signals simultaneously captured under each of the above working conditions. Taking the sixth-cylinder TDC as reference, vibration acceleration signals that are synchronously acquired in the direction of the top and side of the cylinder head date with the same number of sampling points are extracted within the crank angle range of -90 ∘ CA-90 ∘ CA. The following 19 time-domain feature parameters are extracted: peak value, absolute peak value, peak-to-peak value, mean value, absolute mean value, root-mean-square (RMS) value, variance, standard deviation, root amplitude, Kurtosis index, Skewness index, peak index, waveform index, pulse index, margin index, peak value of autocorrelation function, peak value of cross-correlation function between all signals under different working conditions and normal fuel supply signal, peak correlation value between the vibration signal at the top of the cylinder head and the corresponding vibration signal at the side of the cylinder head of each working condition, and peak-to-peak correlation value between the vibration signal at the top of the cylinder head and the corresponding vibration signal at the side of the cylinder head of each working condition. The formulas for calculating these time-domain feature parameters are shown in Table 1 . The last three parameters are calculated by the same formula, but the input signals are different. The 19 time-domain feature parameters are represented by F 1 to F 19 , respectively.
GRNN-Based Fault Identification
Process. GRNN [10] [11] [12] is a kind of feedforward neural network with mentors learning, belonging to radial basis function neural network (RBF). Because of the advantages of strong nonlinear mapping ability, good local approximation ability, fast learning speed, simple parameter adjustment during programming, good generalization ability, and good robustness, GRNN has been widely used in engineering. The process of fuel supply fault identification by GRNN is shown in Figure 2 . In the first step, the vibration acceleration signals of the top and side of the cylinder head are collected by the vibration acceleration sensors, respectively. Taking the TDC of the sixth-cylinder as the reference, the signal data are extracted when the crankshaft angle range is -90 ∘ CA-90 ∘ CA. The second step is to extract the time-domain feature parameters from F 1 to F 17 of the two vibration signals and the time-domain feature parameters F 18 and F 19 of the orthogonal vibration signals. For the third step, the PCC Diagrams are, respectively, constructed for the vibration acceleration signals of the top and side of the cylinder head with the feature parameters whose correlation coefficient are more than 0.9. And the respective feature parameters F 1 to F 17 are screened. At the fourth step, there are eight conditions as follows: the use of the vibration signal at the top of the cylinder head, the use of the PCC Diagram to optimize the vibration signal at the top of the cylinder head, the use of the vibration signal at the side of the cylinder head, the use of the PCC Diagram to optimize the vibration signal at the side of the cylinder head, the use of the cylinder head orthogonal vibration signals directly, the use of the PCC Diagram to Under the eight conditions, the fault feature vector sets are constructed by using the corresponding time-domain feature parameters as the input of GRNN to identify the fault. In the fifth step, the advantages and disadvantages of the abovementioned various fault identification methods are compared to choose the method with the highest fault identification rate.
PCC Diagram
Under the condition of normal fuel supply of the highpressure fuel pipe, 20 sets of the orthogonal vibration acceleration signals synchronously collected at the top and side of the cylinder head are randomly selected to discuss their correlation.
Correlation of the Orthogonal Vibration Signals.
As mentioned above, the orthogonal vibration signals at the top and side of the cylinder head should be taken into account simultaneously when evaluating the working state of the engine. Each time-domain feature parameter i (i =1 ∼ 17) of the vibration signal at the top of the cylinder head is normalized in the selected 20 sets of data. Similarly, each time-domain feature parameter j (j = 1 ∼ 17) of the vibration signal at the side of the cylinder head is normalized in the selected 20 sets of data. The PCC of each time-domain feature parameter i of the vibration signal at the top of the cylinder head and each time-domain feature parameter j (i = j) of the corresponding vibration signal at the side of the cylinder head are obtained, as shown in Table 2 . It is not difficult to find that the PCC of the corresponding time-domain feature parameters of the orthogonal vibration acceleration signals at the top and side of the cylinder head are Mathematical Problems in Engineering 5 basically all below 0.5. That is, the linear correlation is weak overall. So, this pair of orthogonal signals can be considered at the same time for analysis. Though the conclusion is obtained by the 20 sets of data selected randomly, the correctness of the conclusion has been confirmed by the entire dataset.
PCC Diagram of Vibration Signal at Cylinder Head Top.
Dimensional reduction in high-dimensional data relying on the PCC can be accomplished by calculating the linear correlation coefficient between variables. However, the linear correlation between multiple variables is often complex and reticular. Therefore, when filtering the feature parameters through the PCC, the feature parameters cannot simply be selected directly according to the value of the correlation coefficient. In this paper, the concept of correlation coefficient diagram is proposed. The correlation coefficient diagram is established by selecting the feature parameters with certain correlation. And then the selection of feature parameters is carried out in combination with Graph Theory.
Each time-domain feature parameter i (i = 1 ∼ 17) of the vibration signal at the top of the cylinder head is normalized among the 20 sets of data selected above, and the PCC between each other is calculated. That is, the PCC between i and j (i, j = 1 ∼ 17, i ̸ = j) is calculated. Selecting the feature parameters with the correlation coefficient of more than 0.9 (the threshold value 0.9 is selected by experimental data) and connecting them to each other with line segment, a correlation network graph is formed, that is, the PCC Diagram, as shown in Figure 3 . The correlation coefficient diagram obtained in this way is an undirected graph. Each node of the graph represents a time-domain feature parameter, and each line of the graph represents the correlation of two connected time-domain feature parameters with the correlation coefficient of more than 0.9. 
Combining with the related knowledge in Graph Theory, the reservation and removal methods of the feature parameters are analyzed to obtain linearly independent feature parameters. In Figure 3 (a), if F 2 is reserved, F 14 and F 15 are removed, while F 12 is reserved, so that F 2 and F 12 are linearly independent of each other. If F 14 or F 15 is reserved, the other three feature parameters can be removed. The reservation and removal methods of F 2 , F 12 , F 14 , and F 15 are listed using the combination method, and then three combinations can be attained. In Figure 3(b) , the linear correlation between F 6 , F 7 , F 8 , and F 16 is excellent, so three of them can be arbitrarily removed. For these four feature parameters, the combination method is used to enumerate the reservation and removal methods. There are four combinations in total. Then, in accordance with the combination method, the reservation and removal methods of the two sets of feature parameters F 2 , F 12 , F 14 , F 15 and F 6 , F 7 , F 8 , F 16 are enumerated. There are twelve combinations of the feature parameters reserved and removed from F 1 to F 17 , as shown in Table 3 .
PCC Diagram of Vibration Signal at Cylinder Head Side.
Similarly, each time-domain feature parameter m (m = 1 ∼ 17) of the vibration signal at the side of the cylinder head is normalized among the above-mentioned 20 sets of data. And the PCC between each other is obtained. This is the PCC between m and n (m, n = 1 ∼ 17, m ̸ = n). Selecting the feature parameters with the correlation coefficient of more than 0.9 and connecting them to each other with line segment, a correlation network graph is formed, that is, the PCC Diagram, as shown in Figure 4 . It is also an undirected graph. Each node of the graph represents a time-domain feature parameter, and each line of the graph represents the correlation of two connected time-domain feature parameters with the correlation coefficient of more than 0.9. The connections of the time-domain feature parameters in Figure 4 (a) are similar to those in Figure 3 (a). If F 2 is reserved in Figure 4( 12 , F 14 , and F 15 are listed using the combination method, and then four combinations can be attained. In Figure 4 (b), if F 5 is reserved, then F 6 , F 7 , F 8 , F 9 , and F 16 are removed, and F 5 and F 10 are linearly independent of each other or F 5 and F 13 are linearly independent of each other. If any one of F 6 , F 7 , F 8 , or F 16 is reserved, the other three will be removed at the same time with F 5 and F 13 , and the reserved feature parameter is linearly independent from F 9 and F 10 , and there are four combinations in total. If F 13 is reserved, then F 6 , F 7 , F 8 , F 10 , and F 16 are removed, and F 5 and F 13 are linearly independent of each other (already existing) or F 9 and F 13 are linearly independent of each other. The reservation and removal methods of F 5 , F 6 , F 7 , F 8 , F 9 , F 10 , F 13 , and F 16 are listed using the combination method, and there are seven combinations in total. Then, the combination method is used to enumerate the reservation and removal methods of the two sets of feature parameters between F 2 , F 3 , F 12 , F 14 , F 15 and F 5 , F 6 , F 7 , F 8 , F 9 , F 10 , F 13 , F 16 . So, there are 28 combinations of the feature parameters reserved and removed from F 1 to F 17 in total, as shown in Table 4 .
Fuel Supply Fault Identification
In consideration of the conditions of normal fuel supply, slight fuel leakage, severe fuel leakage, and fuel cut-off at the same time, the fuel supply fault identification results for various conditions are shown in Figure 5 . The data for GRNN under different working conditions are divided as shown in Table 5 .
As for the distribution of fault identification results, most of the existing articles use planar graphs (two-dimensional graphs). But, the display method is not intuitive and the effect is very general. Figure 5 shows the distribution of fault identification results more intuitively from the perspective of three-dimensional space.
When using GRNN to identify the diesel engine faults, the time-domain feature parameters of the vibration signal at the top of the cylinder head from F 1 to F 17 are used as the input of GRNN. And the result of diesel engine fault identification by using the vibration signal at the top of the cylinder head can be obtained, as shown in Figure 5 (a). The result of diesel engine fault identification by using the vibration signal at the side of the cylinder head can be obtained by taking the time-domain feature parameters of the vibration signal at the side of the cylinder head from F 1 to F 17 as the input of GRNN, as shown in Figure 5(b) . As mentioned earlier, the linear correlation of the corresponding time-domain feature parameters of the orthogonal vibration acceleration signals at the top and side of the cylinder head is weak overall. So, when using this pair of orthogonal vibration signals to identify the diesel fault, the corresponding time-domain feature parameters of the pair of orthogonal vibration signals 
Reserved Feature Parameters
Removed Feature Parameters can be directly used as the input of GRNN at the same time.
That is, the result of diesel engine fault identification can be directly obtained by using the orthogonal vibration signals of the cylinder head, as shown in Figure 5(c) .
Furthermore, the feature parameters of the different combination methods reserved in Table 3 are used as the input of GRNN. The corresponding fault identification results are compared to find a feature parameter combination mode with the highest fault identification rate. That is the corresponding diesel engine fault identification rate of optimizing the selection of the feature parameters of the signal at the top of the cylinder head by using the PCC Diagram, as shown in Figure 5(d) . Taking the feature parameters of the different combination methods reserved in Table 4 as the input of GRNN and comparing the corresponding fault identification results, the feature parameter combination mode with the highest fault identification rate is also found, that is, the corresponding diesel engine fault identification rate of optimizing the selection of the feature parameters of the signal at the side of the cylinder head by using the PCC Diagram, as shown in Figure 5 (e). Taking the two sets of feature parameters by optimizing the selection of vibration signal feature parameters at the top and side of the cylinder head using the PCC Diagram as the input of GRNN, the corresponding fault identification results are compared to attain the combination of feature parameters with the highest fault identification rate, that is, the corresponding diesel engine fault identification rate of optimizing the selection of the feature parameters of the cylinder head orthogonal vibration signals by using the PCC Diagram, as shown in Figure 5 (f).
Moreover, on the basis of identifying the diesel engine fault using the orthogonal vibration signals of the cylinder head directly, the orthogonal vibration signal crosscorrelation coefficient F 18 and F 19 are added as the input of GRNN. The corresponding fault identification results are compared to find the feature parameter combination with the highest fault identification rate, that is, the diesel engine fault identification rate of using the orthogonal vibration signals of the cylinder head and introducing the cross-correlation coefficient of the orthogonal vibration signals as the feature parameters, as shown in Figure 5 (g). The diesel engine fault identification result of optimizing the orthogonal vibration signal feature parameters of the cylinder head by using the PCC Diagram and introducing the cross-correlation coefficient of the orthogonal vibration signals F 18 and F 19 as the feature parameters is shown in Figure 5(h) .
It is not difficult to find that the graphical display method, like that in Figure 5 , shows the distribution of fault identification results intuitively and clearly. At the same time, it can show the degree of dispersion of fault identification results intuitively and reflect the aesthetic feeling of natural science better.
Of course, in order to illustrate the results of fault identification more accurately with specific numerical values, Table 6 is introduced.
The results of fault identification are compared and analyzed in combination with Figure 5 and Table 6 as follows. ( Figure 5(a) ) or only using the vibration signal at the side of the cylinder head ( Figure 5(b) ), it is not difficult to find that the higher fault identification rate is relatively easily obtained by using the orthogonal vibration signals of the cylinder head ( Figure 5(c) ). Respectively, comparing Figure 5 , and 5(c), it is observed that the introduction of the orthogonal vibration signal cross-correlation coefficient as the feature parameters can obtain a higher fault identification rate under the four working conditions compared with only using vibration signal at the top ( Figure 5(a) ) and the side ( Figure 5(b) ) of the cylinder head and the orthogonal vibration signals of the cylinder head ( Figure 5(c) ).
Comparing Figures 5(h) and 5(g), it is found that after using the PCC Diagram to optimize the orthogonal vibration signals of the cylinder head and introducing the crosscorrelation coefficient of the orthogonal vibration signals as the feature parameters, the fault identification rates under the four working conditions are all up to over 90%. They are 91.89%, 95.45%, 96.88%, and 100%, respectively. In comparison with the former methods for fault identification, this method can improve the fault identification rate to a greater extent and reduce the degree of fault identification dispersion of wrong results.
Conclusion
The experimental researches on a large number of fuel supply faults for Weichai WD615 diesel engine show that, on the premise of only the time-domain feature parameters, it is easy to obtain a higher fault identification rate by using the orthogonal vibration signals to identify faults in the diesel engine. The PCC Diagram can be used to simplify the feature parameter screening visually and vividly, thus improving the diesel engine fault identification rate to a greater extent. Furthermore, the cross-correlation coefficient of the orthogonal vibration signals is a very important time-domain feature parameter found in the orthogonal vibration tests, adding it into the feature vector set as the input of GRNN can obviously improve the fault identification rate of diesel engine by using the orthogonal vibration signals of the cylinder head. In particularly, after screening the feature parameters by using the coefficient diagram, the fault identification rates of more than 90% are obtained under all the working conditions. This fault identification method based on diesel engine can be applied to information extraction and fault identification for other reciprocating circulation machines.
Data Availability
The data used to support the findings of this study are available from the corresponding author upon request.
Conflicts of Interest
The authors declare that there are no conflicts of interest regarding the publication of this paper.
